This article examines the efficiency of the weather futures market traded on the CME in both HDD and CDD futures contracts in 18 cities across the United States. Efficiency is examined in three ways. Firstly, by comparing the market's implied forecasts for the weather against other forecasts. Secondly, by looking at whether market's overreact or underreact to temperature surprises. Thirdly, by looking at weather derivative patterns across cities. We find that generally the market seems very efficient despite its lack of liquidity. We also find significant risk premia that do not seem to reflect the standard compensation for speculators.
I INTRODUCTION

I Introduction
The weather futures market is a relatively new market. Weather is different than many other types of financial instruments in that it has no underlying measurable value. Weather futures contracts are used by producers to hedge their business risks due to factors that may affect the demand for their products. For example, a natural gas producer or oil producer's quantity demanded will be effected by the weather in a particular city. A mild winter will cause the demand for natural gas and oil to decline. On the other hand, a farmer might use weather derivatives to hedge the future yield of a crop. If the weather is poor, which might depend on a variety of factors, including rainfall, temperature, frost, etc., then using weather derivatives might aid in hedging the quantity supplied or available for the farmer. On the other side of this transaction would be the speculator.
Presumably, the speculator would receive some compensation for his activities of providing liquidity to producers to hedge business risk. In this paper, we examine this as well as study the efficiency of the weather futures market.
It has been shown that even in very established and liquid markets, like the US stock market and other developed markets around the world, there seems to be inefficiencies due to investor overreaction Thaler (1985, 1987) , Zarowin (1989) , Jegadeesh and Titman (1995) , Loughran and Ritter (1996) , Chiao and Cheng (2005) , and Zhu (2007) ). Given the inefficiency in established markets due perhaps to investor biases or other reasons, we might expect to see such inefficiencies to a larger extent in the weathers' market, which is not only less liquid, but also does not have any fundamental pricing model at its heart. There is a short history of weather derivatives and even a shorter history of literature in the area. Much of the previous literature is concerned with building models to price weather risk. Weather risk is slightly more complicated to price, since there is no underlying instrument to hedge with, like there are with other futures contracts and options. Because risk-neutral pricing models a la Black-Scholes will not work in these markets, various articles have been written on pricing weather derivatives (Garman et A good summary of weather derivative valuation can be found in Jewson et al. (2007) . Another strand of research in this area has focused on the design of optimal weather contracts for producers of commodities. These papers discuss, design, and examine the effectiveness of different types of weather derivatives (Brockett et al. (2005) and Leggio (2007) ). Other research has focused on the usefulness of weather forecasts and other types of models to forecast the weather (Zeng (2000) , Campbell and Diebold (2005) , Benth and Benth (2006) , and Brix et al. (2002)). There are some papers associated with using weather derivatives for hedging, such as Rolfo (1980) . For a collection of chapters on many aspects about the weather markets, see Dischel (2002) .
To our knowledge, none of the prior literature has focused itself on the testing of the efficiency of the weather futures market. In this paper we examine the efficiency of the weather futures market by examining the accuracy of national weather forecasts, the accuracy of simple models of the weather and the accuracy of the actual market prices of weather futures. We also borrow techniques from the overreaction literature to test whether there seems to be overreaction in the weather futures market.
The paper is organized as follows: section II discusses the details about the weather futures market; section III discusses the data that we use in our research; section IV discusses the methodology which we use to test for the efficiency of the weather futures market; section V discusses the results from our empirical investigation of the weather futures market; and section VI concludes the paper. 10 , and 15, then the monthly HDD value would be 85. To get the value of the specific contract, one must multiply the HDD or CDD by the contract size. Table 1 contains the major features of the weather contracts in the United States. A simple example using one of the specific city contracts might makes things clearer. On February 28, 2005, the monthly HDD contract for Atlanta closed at 305. This indicated that the market's fair value for the sum of HDD daily values in Atlanta was 305. The weather for the HDD contract is shown in Table 2 along with the daily closing prices of the March 2006 futures contract. For this month, the market underestimated the actually final value of weather which turned out to be 349. Of course, the final settlement of the contract was equal to 349 on the first business day of the following month. Someone who purchased the HDD contract on February 28, 2008 would have paid $6,100 for one contract and had they held until expiration would made $880 ($6980-$6100).
[INSERT TABLE 1 ABOUT HERE] [INSERT TABLE 2 ABOUT HERE]
In addition to the basic HDD and CDD futures contract for individual months and the option contracts based upon these months (both European and American), there are also HDD and CDD Seasonal strips. These are futures contracts which trade on multiple months rather than just one specific month. For HDD Seasonal strips, there are contracts with a minimum of two consecutive months and a maximum of seven consecutive months. For CDD Seasonal strips, there are a minimum of two consecutive months and a maximum of six consecutive months. There are options on all of the seasonal strips which trade European style only. For example, an H2VJ6 is an HDD Seasonal strip that trades based upon the values of HDD in Chicago (2) for the months from October (V) to the April (J) in the year 2006 (6) . There are numerous strips with varying time spans available for users to trade weather in a series of months versus one individual month.
The HDD seasonal strips have start months from October -March, while CDD seasonal strips have start months from April -September. Our paper will focus only on the HDD and CDD monthly futures contracts.
The main types of users in the weather market include energy traders, hedge funds, institutional banks and re insurers. Many energy companies, such as heating oil distributors use weather derivatives to help them smooth their profits from fluctuations in demand in heating needs during winter. There is a very high correlation between HDDs and gallons of heating oil consumption in winter months. Thus, weather derivatives, including futures, options, and custom-made varieties help these companies hedge the quantity demanded of their product, in addition to the hedging the price of their product which can be done with other instruments.
III The Data
In order to test the efficiency of the weather futures market we collected the following data. For weather futures data, we collected the daily closing prices of each weather contract in each of the U.S. cities in which weather trades since the opening of exchange-traded weather contracts in 1999 from Bloomberg. We also collected daily volume and open interest information from Bloomberg.
For each city, we collected both the HDD and CDD monthly futures contracts. Our futures data spans the period January 1, 1999 to July 8, 2008. While the daily max and min temperatures are for a 24-hour period from midnight to midnight at each local station, the GFS forecasts are different. The extended GFS forecasts are produced at 00:00 Greenwich Mean Time (GMT) and at 12:00 GMT. The forecasts for the maximum temperature is for period from 7 A.M. to 7 P.M. local time of that particular weather station. The forecasts for minimum temperature are from 7 P.M. to 8 A.M. local time for that particular station. Thus, the historical data and forecast data do not coincide, but overlap. Figure 1 may help illustrate the issue. This particular timeline is constructed for the a city in the same time zone as Atlanta. All of the other cities should be adjusted according to their time zone, but roughly the same concepts apply. At 00:00 GMT, the NWS releases their MOS forecasts for all cities. In the case of Atlanta, the minimum forecast for the next day, day t, would be for the measurement period from 7:00 PM Atlanta time on day t − 1 to 8 A.M. Atlanta time on day t.
Thus technically the forecast for the minimum temperature occurs over a period covering both day t − 1 and day t for Atlanta. The maximum temperature forecast released at 00:00 is for the period illustrated in the figure as MOS Forecast Period for Max on Day t, which would be from 7 A.M. 
[INSERT FIGURE 1 ABOUT HERE]
While it is true, that most of the time, the minimum temperature will occur from midnight to 7 AM and that the maximum temperature will occur from 7 A.M. to 7 P.M. and the two measures will for all practical purposes correspond, this not need be the case. For instance, when there are extreme weather conditions, the minimum temperature may occur later in the day, and forecasters might wish to diverge from the GFS model. We explain more about this in other parts of the paper.
A summary of the weather forecast data is presented in the Supplemental Appendix.
Finally, we remove any closing prices without volume information for that particular day. We do this since we worry about the integrity of the price information when there are days with no volume and hence no trades took place at those prices. 4 Also, in order to remove potentially bad data, we drop all closing prices that are either two-times the historical HDD or CDD for that particular month in that particular city or are 1/2 of that particular month for that particular city.
We did use alternative cutoffs and it did not affect the nature of the results.
IV The Efficiency of the Weather Futures Markets
In this section, we discuss what the theoretical price of weather futures might be and we describe the three ways that we use to measure the efficiency of the weather derivatives market.
A Futures Premia and Pricing
The typical pricing of a futures contract relies on the futures-spot price relationship based upon a cost-of-carry model. Thus, in many futures markets,
where F t is the futures price at date t, S t is the spot price at date t, r is the interest rate, and T − t is the time until expiration. Unfortunately, this relationship is not entirely useful for the weather market, because there is no underlying spot weather for a given futures contract.
5
Thus, rather than describe the forward premia theoretically, we calculate it empirically by computing the normal backwardation or contango of the market. 6 Thus, we could look at the forward premium as: 5 In fact, Campbell and Diebold write that "...standard approaches to arbitrage-free pricing are irrelevant in weather derivative contexts, and so the only way to price options reliably is again by modeling and forecasting the underlying weather variable." 6 Recently, more complicated models for weather derivative pricing have been proposed, but are not entirely satisfactory for our purposes either. See Hardle and Cabrera (2009).
where F imt is the futures price of the HDD (or CDD) contract in city i on day t for contract of month m and S im,t+1 is the realized HDD (or CDD) in city i for the given particular month, m.
According to Keynes, speculators should be given a premium for taking on the role of liquidity provider. If we think of a typical scenario, where energy distributors are attempting to hedge energy demand in a particular city, then this entity will typically wish to be short the contracts.
That is, if winter temperatures tend to be higher than normal, there will be less demand for energy and the distributor would wish to compensate for this by being short HDD contracts. The same will be true for summer months. Thus, the speculator will be net long the weather contracts and hence we would expect according to a liquidity argument that F it < E(S i,t+1 ) for any city i, and we might also expect that F it − E(S i,t+1 ) will be larger for cities with more volatile temperatures in any given month. 
B The Accuracy of Market Predictions of Weather
In this section, we are concerned with how precise the markets forecast weather. Our approach is to construct several models of weather forecasts, static as well as dynamic, and to compare them to the weather forecasts implicit in the market price of the weather derivatives. 
We define the daily HDD as
The monthly HDD is the sum of daily HDDs, i.e.:
where D(y, m) indicates the number of days in the month. We define corresponding quantities for CDD in a similar way.
The quantity of our primary interest is the monthly HDD HDD i,y,m or the monthly CDD CDD i,y,m . We will work with six models that forecast this quantity.
B.1 Static Models
The first static model, which we call Static Historical Model, is a simple model that uses an historical average of monthly HDD or CDD as its forecast. We construct the historical average of monthly HDD by taking a simple average of the HDD in that particular month going back historically as far back as 30-years, but not including the current month. 
where y 0 is the first year in our data set. 
Note that we are using the adjustment factor for the 7th day of the month (d = 7) , which is what is needed given the MOS forecasts.
At the beginning of the month, we have the MOS forecast daily HDD for the first seven days of the month. We convert these figures into monthly HDD using the HDD adjustment factor.
where
This forecast for the entire month uses the first 7 days forecast and then uses the historical average of temperature for that city and that month for the rest of the month as the monthly forecast for HDD. 9 The third static model, which we call Static Market Model, uses the monthly HDD implied by the closing futures price. We use the closing prices of the contract on the day before the month One might argue that these alternative models are too easy to beat. For the historical model, 8 The corresponding value for CDD is CDD
Although not reported here, another adjustment factor was used that converted the first 7-days of the forecast into a monthly forecast by multiplying that the ratio of the entire month's HDD to the first seven days by the 7-days forecast. In all cases, the MOS forecasts were inferior to the market forecasts and in some cases inferior to the historical forecasts.
one might argue that it doesn't incorporate the future. For the NWS MOS forecasts, one might argue that it only contains 7-days of forecast data and the rest of the month's prediction is based upon the historical averages. While these are legitimate concerns with the benchmarks, a few comments are in order. First, this is a first attempt to examine the efficiency of weather market forecasts and to compare against some simple alternatives. Even if it is true that they are simplistic, we will learn something depending on if and by how much the market forecasts improve upon them.
Second, there are no other publicly available government numerical forecasts for temperatures in these cities other than the government's GFS operational forecasts, which go out 15 days. Thus, data limitations limit the ability to produce a more accurate model forecast.
10 Third, studies using slightly longer forecasts beyond 8 days do not perform particularly well anyway, which might not help improve these models vis-a-vis the market's forecast.
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B.2 Dynamic Models
The first dynamic model, which we call Dynamic Historical Model is the actual HDD through day d of the month plus the historical average HDD for the rest of the month. Thus,
The second dynamic model, which we call the Dynamic MOS Model computes the 7-day HDD from the 7-day temperature forecasts and combines this with the historical value of HDD for the rest of the month. This dynamic forecast is given by: 
C Market Surprise and Overreaction
One method to test whether markets over-react or under-react to weather developments is to create an index for the surprise of temperature on a particular day. The surprise measure is
, where
) is the actual temperature on a given day minus the expected value of the daily average temperature, and SD (T i,y,m,d ) is the standard deviation of temperatures on that particular day in that particular city historically. 12 For
we use three different measures described below.
The first measure of E(T i,y,m,d
) is to use the historical average of that temperature in the past on that given day. That is,
The second measure is to use the latest MOS forecast for that particular day. That is,
The third is to use the actual weather future's closing prices. The future prices are based upon monthly HDD, and we will infer the daily average temperature from the monthly HDD implied by the future price. On any given day of the month, the HDD contract closing value F i,y,m,d is related to the daily HDDs in the following way:
is the daily HDD forecast of the market, which is not directly observable. In order to uncover the expected value of the market for HDD on day d + 1, we construct another adjustment factor. This adjustment factor is given by:
This is just a calcuation of the ratio of the average HDD over a month in a given city divided by the average HDD to day d in that month. For our recovery of the market's expectation of HDD on day d + 1, we assume that the adjustment factor is relevant so that
which implies
Finally, we convert the daily HDD forecast into the daily average temperature forecast:
Note that HDD
M KT
i,y,m,d could be negative, which is not allowed in the original definition of the daily HDD.
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Once these series are created, we collect the value of all of these for all days and then sort them by decile. We then compute the returns of buying the contract at the close of business of the next day and holding until month's end. 14 We can then draw histograms of the decile results and test for significant difference in mean returns. If on days of high positive surprise (i.e. the temperature is higher than people expected) we see lower returns, then there was over-reaction because market traders reacted to the surprise by raising their estimate of the future month's HDD by too much and vice versa. We would expect the opposite for CDD contracts, that is on days of high positive surprise, overreaction would be given by subsequent higher returns.
Since the HDD contracts trade based upon the entire month of average daily weather temper- 13 A similar calculation is constructed for CDD contracts. 14 We also compute the results for purchase on the same day, which are contained in the Supplemental Appendix.
atures, there is also a dynamic component to the under-or over-reaction of market participants.
Thus, overreaction or underreaction may be different conditional on past weather surprises. There may be market learning. 15 In order to determine whether the differences in returns between the highest and lowest quintile are significant, we consider two statistical measures; a two-sample t-test and a Mann-Whitney U test for the difference in means between deciles 1 and 5. 16
D The Inter-Market Behavior of Weather and Futures Markets
Our final approach to investigate the efficiency of the weather markets is to look at the crosscorrelation of daily weather changes across cities and compare that to the changes in the daily average temperature implied by the market to get an idea if there seems to be some kind of crosscity inefficiencies.
As a heuristic test of the inter-market efficiency, we implement the following trading strategy.
The strategy compares the historical differences in HDD among cities and compares them to the 15 Although not done in this paper, one idea for testing market learning might be XXX. 16 The first measure is a two-sample t-test for the differences in means between two samples. The test statistic is:
,R1 represents the mean return from quintile 1,R5 represents the mean return from quintile 5, σ is the population standard deviation, m is the number of observations from quintile 1 and n is the number of observations from quintile 5, S
Given certain assumptions, U will be distributed as a t-distribution with m + n − 2 degrees of freedom (i.e. U ∼ tm+n−2).
Since many of our deciles have a very small amount of observations, we also computed the Mann-Whitney U test to test for differences in the means with a few number of data points (Mann and Whitney (1947) current differences in HDD implied by market prices. Then we choose 3 pairs of cities whose current differences exceed the historical differences most and create zero-investment portfolios out of these pairs. Similarly, we choose 3 pairs of cities whose current differences fall below the historical differences most and create zero-investment portfolios out of these pairs. If there is no inter-market inefficiencies, these strategies should not produce any abnormal returns. Of course, not finding any abnormal returns is not enough to prove that these market are efficient, but is consistent with market efficiency.
We provide the details of the strategy. 
Next, for each day in the data set, we calculate the market HDD difference matrix, which is the diffrences in the monthly HDD implicit in the market prices:
For each day, we take the differences in these two matrices Δ 
V Empirical Results
A The Accuracy of Market Predictions of Weather
A.1 Static Models
Given the simple models for forecasting the weather, we first started with three models to forecast the monthly HDD and CDD. The period of study was from September 2005 to June 2008. Although data exists for the derivative contracts for many cities going back to 1999 and for historical weather going back even further, we begin our data sample for when the first NWS MOS forecasts are available so as to keep everything symmetric. One drawback to this symmetry is that we lose many observations, nevertheless it's the only fair comparison of the models.
17 Table 6 contains the root-mean-squared error (RMSE) and mean-absolute error (MAE) for each of the three models for both HDD contracts and CDD contracts. It also contains a column entitled MAE Dif which computes the percentage difference in MAE between the historical and MOS forecast model versus the market model. For HDD and CDD contracts, the market prices of the weather at the beginning of the month are a better predictor of the eventual month's HDD (as well as weather) then either a simple historical forecast or an interpolated NWS MOS forecast. In fact, for HDD contracts the increase in accuracy performance is 9% and 16% with respect to the MOS forecasts and historical forecasts. This is quite an interesting result, especially in a market where issues of inside information and other frictions are minimal. 17 In the supplemental appendix, we look at the efficiency over longer horizons.
[ INSERT TABLE 6 ABOUT HERE] Table 7 shows the performance of these models by city and by contract type. When we look at the data this way, we find that generally the MOS forecasts and the market forecasts do better than historical forecasts. In some cases, the accuracy is substantially better, like in Dallas, Texas where the market improves over the MOS forecasts by 118%. However, for HDD in 3 of 18 cities, the market's price is less informative about future weather than the government forecasts. For CDD, this is true in 4 of 18 cases. 
A.2 Dynamic Models
The dynamic models are slightly more complex, since we have a prediction for every day of the month for the month's final settlement value of the contract. Thus, when aggregating the results across days and across cities, we might expect earlier days in the month to have larger forecast errors than later days in the month. Overall, these effects should average out. 18 Table 9 contains the results for the dynamic forecasts aggregated. The results are similar to the static case. That
18 Another way to control for this would be to average the results by first dividing the MAE or RMSE by number of days left until the end of the month. This consequently makes all of the MAE and RMSE much smaller relative to the static results.
is, the market still seems to be the best predictor of eventual temperature and HDD for a month when information is updated daily. Tables 9 and 10 show more results of the dynamic case with different methods of data aggregation. In the dynamic case, the general results are the same. The MOS forecasts do better than the historical and the markets do better than both. 19 
[INSERT TABLE 9 ABOUT HERE] [INSERT TABLE 10 ABOUT HERE]
Overall the results of the static and dynamic models are quite supportive of a relatively efficient market place in weather derivatives. One could criticize the above analysis for a variety of reasons mentioned in the previous section, but given our data limitations we find it at least consistent with an efficient market in weather derivatives.
B Overreaction
Before turning to the results, we restate what we should expect if there is overreaction or underreaction in the weather derivatives market. For HDD contracts, we would expect that a story consistent with overreaction would be higher average returns as the quintiles increase. The logic is that, when there is a lower-that-expected temperature, the market overreacts by raising the HDD too much, thus a strategy of buying HDD and holding until expiration would lead to lower returns. The opposite result would occur for days with high positive temperature surprises. For CDD contracts, we would expect the opposite, since CDD pays when temperatures are high. Thus, on days with negative temperature surprises, the overreaction would coincide with CDD contracts trading lower than necessary and consequently making returns to buying CDD contracts higher 19 The acute reader might notice that there are average errors by the market on the final day of trading. In fact, sometimes, the closing prices on the final day of trading are not equal to the settlement value of the contract. In speaking with the CME, they say that they quotes are legitimate, even though they make little sense. I have left them in for completeness, but they are puzzling.
than normal. Thus, we would expect that returns should decrease for CDD contracts as we move from lower to higher quintiles if there is overreaction in the markets.
20
Figures 2 -3 show the aggregated returns across days and cities for surprise measure 3. 21 In some sense, we believe this is the most reliable measure of surprise, since it's the temperature deviation from the market's implied expected temperature based on the previous day's market prices. For both HDD and CDD there is not strong evidence consistent with an overreaction hypothesis, except maybe for the CDD contracts.
[INSERT FIGURES 2 AND 3 HERE]
In order to examine the issue of overreaction without some of the potential biases of aggregation, we show the results of overreaction for each measure by day of month. 22 Thus, the overreaction returns are computed by looking at all quintile 1 surprises for each city in isolation on day 1, day 2, and so on and computing returns to the end of the month. Almost all of the t-statistics and Mann-Whitney tests fail to reject the hypothesis that the returns 20 The results would be the reverse for an underreaction story. 21 The results for the other surprise measures are qualitatively the same and contained in the Supplemental Appendix.
22 First, aggregate measures combine the overreaction returns for different days of the month which might blur the results. However, Quintile 1 could have a mixture of data points from Day 1 of the month or any other day. Thus, when we average across the quintile, we are mixing effects. That is, presumably a surprise on day 1 of the month might have a much larger impact than if the surprise occurs on day 30th of the month. Dividing by days left in the month might help to make the results less distorted. 23 The same tables for surprise measures 1 and 2 are contained in the Supplemental Appendix.
on any given surprise day for quintile 1 and quintile 5 are the same. For surprise measure 3, the highest level of significance is on day 4 with a t-statistic of 3.51 and a z-statistic of 2.20.
[INSERT TABLE 12 ABOUT HERE]
All of the overreaction tests were also done when the investors were allowed to purchase contracts on the em next day of the surprise rather than the same business day (see the Tables in the Supplemental Appendix) using data from 2005-2008. 24 In addition to this, the overreaction tests were done with a longer sample period from 1999-2008 using t for computing the returns (see the   Tables in the Supplemental Appendix) . In all cases, the qualitative results are the same. There not appear to be overreaction or underreaction in these markets, except for occassional sporadic cases. Table 13 we presents the overreaction results by city. While some cities seem to exhibit patterns of overreaction and others underreaction, there is no consistent pattern across cities.
[INSERT TABLE 13 ABOUT HERE]
C Inter-Market Behavior
The study of intermarket potential inefficiencies was examined for the base period 2005-2008 and for the whole period from 1999-2008. The results for the long, short, and long-short portfolios are contained in Table 14 .
[INSERT TABLE 14 ABOUT HERE]
Unfortunately, there are very few observations for both periods. The return are in the direction of inefficiency for the whole sample period but the t-statistics for difference in returns is insignificant. 24 We originally computed the returns using the next trading day so as to avoid trading on information that might have been not been known, however in our study it is very likely that by the close of trading the maximum and minimum temperatures of the day are already well known and that trading on that information by day's end is ok.
Thus, for this particular test for cross-city weather market inefficiency, again the weather markets look quite efficient.
VI Conclusion
The weather derivatives market is a relatively new market. It has traded on the CME since 1999.
Recently, there has been quite a lot of skepticism in the efficiency of markets. In fact, in the equity markets, many anomalies have been documented that bring into question the efficiency of markets. The weather derivatives market stands apart from many markets in that the symmetry of information between agents is very high. That is, there is no possibility for inside information, since the weather is truly exogenous to our system. The weather derivatives market is also a market where contracts only live for a relatively short-period of time, unlike equity markets. In this paper, the efficiency of the weather derivatives market was examined in a variety of ways. Overall, despite its lack of sufficient depth, one fails to reject the hypothesis that this market trades very efficiently.
We find this when comparing the prediction implied in weather futures prices versus historical models of the temperature and government model forecasts of the weather.
One criticism of this comparison of models is that the alternatives are too easy to defeat. For the MOS forecasts, the criticism is that the forecasts are only for seven days and historical measures are combined with them. This could indicate that the market is using a longer-term forecast from a private agency and hence is more accurate because of this. In order to address this criticism, we mentioned studies showing that weather forecasting is very poor at horizons longer than a week and secondly, we examine the efficiency of this market from another perspective, by studying the over-or-under reaction of prices to surprise weather information. From this perspective, weather futures prices seem to be consistent with efficiency in that there is no consistent overreaction or underreaction to temperature surprises. We also find this when examining weather derivative prices across cities to determine whether there might be some inter-market inefficiencies.
The weather market's efficiency might be due to many factors, including the low volatility of weather surprises, or the symmetry of information (i.e. lack of inside information), or the shortterm nature of this market. One can imagine that a market which lacks the potential for informed traders will be more efficient, since there might not be a guessing game by non-informed traders on movements in prices. Given the perhaps puzzling values for the forward premia in this market, further research on the forward premia might be interesting. Also, further research into the market's efficiency and the role of information would be interesting. Also, it might be interesting to study whether other derivative contracts can span the set of weather derivative contracts or they truly are an invaluable hedging instrument for companies wanting to hedge energy demand. Note: First Contract Traded is the month and year in which the first contract for a particular city and type of contract traded on the CME. The average daily volume is computed as the average daily volume traded for that particular contract and city conditional on volume existing for that contract. The number of trading days with volume is the number of observations for a particular contract month and city that there were contracts traded. The data for the entire sample period (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) was used for these summary statistics. Note: The realized forward premia are computed as:
A Tables
and are expressed in percentage terms. The t-stats are for the mean return being different than 0. All term premia are from contract purchase until end of the month. The premia are computed over the full span of data from 1999 -2008. The return from buying the contract is the negative of the forward premium percentage in the table. Note: The realized forward premia are computed as:
and are expressed in percentage terms. The premia are computed for each day of each month for each city and then averaged across cities. All variables are averaged across cities, except for nobs which represent the total number of observations across all cities. The premia are computed over the full span of data from 1999 -2008 That is, the market prices are only used even if there existed trading volume on that particular day. RMSE is for root mean squared error and MAE is for mean absolute error. The results are computed only over observations which exist for all three forecast methodologies, which is limited by the market statistics availability. The sample period is constrained to days in which data exist for all three measures. Note: Since the NWS MOS forecasts, the beginning date for these statistics is set to September 01, 2005 and the ending date is June 30, 2008. The sample period is constrained to days in which data exist for all three measures. The results for the market statistics are done conditioning on volume. That is, the market prices are only used even if there existed trading volume on that particular day. RMSE is for root mean squared error and MAE is for mean absolute error. The results are computed only over observations which exist for all three forecast methodologies, which is limited by the market statistics availability. The dynamic forecasts are computed for every day of the month and compared against final realized future values for that particular month. Thus, day 1 represents the forecasts of the dynamic model after one day of the month for the entire month's realized HDD or CDD. Day 2 represents the forecasts of the dynamic model after two days of realized values for the month and so on and so forth. The performance for each city and each contract is aggregated and shown for the day of month in which it occurs. 
Note:
Overreaction is measured over each quintile. Thus, for any given day for any given contract and any given city, the surprises for that particular day are ordered from lowest to highest. Thus, a low surprise measure means that the temperature that day was much lower than the expected value. The values in the table are the returns from purchasing a futures contract at the close of that day and holding until expiration at the end of the month. These returns are computed for all surprise measures and then the results are aggregated and averaged by the quintile. Signs of overreaction would be increasing returns from lowest to highest quintile for HDD contracts and decreasing returns from lowest to highest quintile for CDD contracts. 
Overreaction is measure over each quintile. Thus, for any given day for any given contract and any given city, the surprises for that particular day are ordered from lowest to highest. Thus, a low surprise measure means that the temperature that day was much lower than the expected value. The values in the table are the standard deviation of the returns in the previous table. Note: Overreaction is measured over each quintile. Thus, for any given day for any given contract and any given city, the surprises for that particular day are ordered from lowest to highest. Thus, a low surprise measure means that the temperature that day was much lower than the expected value. The values in the table are the returns from purchasing a futures contract at the close of that day and holding until expiration at the end of the month. These returns are computed for all surprise measures and then the results are aggregated and averaged by the quintile. Signs of overreaction would be increasing returns from lowest to highest quintile for HDD contracts and decreasing returns from lowest to highest quintile for CDD contracts. These results are aggregated by city and individual returns are divided by time until month's end in order to make surprises from different days of the month more comparable. 
